Abstract-Identification of DNA-binding residues in protein has made important function in several areas such as posttranscriptional regulation and protein function. In our work, we propose a method which combines a novel hybrid feature with the random forest (RF) algorithm to predict DNA-binding residues in protein sequences. The hybrid feature contains the second structure feature; predicted solvent accessibility and novel feature which including evolutionary information combining physicochemical properties. Furthermore, performance comparison of each feature indicates that the novel feature contributes most to the prediction improvement. The result demonstrates that our model achieves a value of 0.7238 for Matthew's correlation coefficient (MCC) and 92.67% overall accuracy (ACC) with a 78.96% sensitivity (SE) and 94.56% specificity (SP), respectively. It is clearly that the prediction model has significant better prediction performance of DNAbinding sites in proteins.
INTRODUCTION
DNA-protein interaction plays an essential role in a variety of biological processes in cells, such as, protein synthesis, transcriptional regulation. Identifying DNA-binding residues in protein is also the theoretical basis for many commonly used medicinal techniques. For instance, they are considered as hypothetical targets when searching for potential pharmacological targets for the design of drugs. Therefore, recognition of DNA-binding residues in proteins becomes one of the most important questions in the research of protein functions.
DNA-binding residues can be obtained from the threedimensional structure of DNA-protein complexes using several experimental methods such as X-ray crystallography and NMR. However, experimental approaches still remain the problems of time-consuming and costly. Therefore, the computational prediction of DNA-binding sites is proposed to solve the problem. Various computational methods have been considered to predict DNA-binding residues using sequence information of proteins [1] [2] [3] [4] [5] [6] .
To date, most researches have predicted the DNA-binding sites of protein by using machine learning techniques which provide an effective tool to distinguish binding residues from non-binding ones. Naïve Bayes classifier [3] was used to predict DNA-protein interacting residues based on their identity and on the identities of the neighboring sequences. Support vector machine is most commonly used to identification of DNA-binding sites [1, 2, 5, 7, 8] . In addition, evolutionary information from the position specific scoring matrix (PSSM) is an important feature in classifier, and has contributed to obtain a better prediction performance of DNAbinding sites. For instance, Huang and colleagues have predicted sequence-specific and non-specific binding residues using SVM with PSSM [8] . Random forest (RF) classifiers also provide high accuracy for the prediction of DNA-binding residues. The BindN-rf system was proposed by Wang et al [9] for predicting DNA-binding residues using a RF classifier, combining biochemical features with several descriptors of evolutionary data.
In this paper, we attempt to predict DNA-binding sites in proteins directly from amino acid sequences. We propose a novel method for predicting DNA-binding residues using the random forest (RF) algorithm in conjunction with a hybrid feature. The hybrid feature is incorporating the second structure feature, predicted solvent accessibility feature and novel feature which is a novel matrix named PSSMPP combining the information of PSSM with physicochemical properties. The novel matrix PSSMPP not only represents the evolutionary information but also contains the information of physicochemical properties. Evaluated by independent test dataset, our model a value of 0.7238 for Matthew's correlation coefficient (MCC) and 92.67% overall accuracy (ACC) with a 78.96% sensitivity (SE) and 94.56% specificity (SP), respectively. In addition, our analysis demonstrates that novel feature we propose in the research is more discriminative to distinguish between DNA-binding and non-binding residues.
II. MATERIAL AND METHOD

A. Data collection
The dataset DBP-374 [10] we used in this work contained 374 DNA interacting proteins extracted from all the protein-DNA complexes in the Protein Data Bank [11] . Those protein-DNA complexes were determined by X-ray crystallography with a resolution better than 3. 5 Å. Redundant proteins with > 25% sequence identity were removed using the blastclust program in the BLAST package [12] from NCBI, and the only longest amino acid sequence which created non-redundant DBP-374 dataset were selected in each cluster.
Here, an amino acid in protein chain is defined as a DNAbinding residues if one or more atoms on its side chain or backbone are within the cutoff distance of 3.5 Å from any atoms of the DNA molecule in the complex, which is the same as previous researches [1, 2, 9, 10, 13, 14] . Then among 80434 residues in the 374 DNA-binding protein sequences, 5652 residues are defines as DNA-binding residues and the remaining 74782 residues are labeled as non-binding residues.
B. Feature selection
Data instances, which are a segment of amino acid sequences with length L=13, were used to train the RF model. (L is the sliding window size) From an amino acid sequence with n residues, a total of (n-L+1-m) data instances are extracted, where m is the number of residues which lack the information about their atomic coordinates in the PDB entries. If the central residue is DNA-binding residue, the segment is defined as positive instance. If the central residue is nonbinding residue, the segment is defined as negative one.
Three features are considered in this paper including evolutionary information about the protein in terms of their position specific scoring matrices combining with physicochemical properties (PSSMPP), predicted solvent accessibility (PSA) and secondary structure (SS).
Position specific scoring matrices combining with physicochemical properties (PSSMPP):
Position specific scoring matrices (PSSM):
PSSM is used to provide the evolutionary information of protein sequences at the level of residue types. It is generated by PSI-BLAST [15] to search against noredundant (nr) dataset of amino acid sequences at NCBI. The value of PSSM are rescaled to be within 0 and 1 by the standard logistic function:
where x is the original value in profile matrices and f(x) is the rescaled value of x.
Normalized physicochemical property:
Six physicochemical properties are considered including hydrophobicity, pKa values, the number of lone electron pairs, Wiener index, Balaban index and molecular mass. The six quantitative properties are normalized such that the standard deviation is 1 and the average is 0 by the following functions : 
where k is the index of position, i is the i-th kind of amino acids, a is the index of a certain physicochemical property, N a (i) is normalized physicochemical property values of a for the i-th kind of amino acids calculated by formula (2) and f ik is the rescaled value of the i-th type of amino acid in the position k of the PSSM calculated by formula (1) .
Predicted solvent accessibility (PSA)
The predicted solvent accessibility is used to represent the solvent exposure of the residue. The SABLE was used to predict the relative solvent accessibility of each residue in each protein sequence [16] .
Secondary structure (SS):
The SS feature was extracted from the PDB files. Three state: helix(1,0,0), stand(0,1,0), and others (0,0,1) were encoded as the feature. The SS feature of new protein sequences can be predicted by the PREDATOR program [17] .
In this research, each data instance is coded with a hybrid feature by PSSMPP, PSA and SS. Then the vector of each instance has dimension 130, which is strictly less than that of previous work.
C. Training and testing
The nested cross-validation procedure [10] is used to evaluate the performance of the classifier. Nested crossvalidation is the procedure which has an outer cross-validation loop for model assessment and an inner loop for model selection. In this research, the original instances are divided into five parts randomly in the outer loop. Then each of these parts is used for assessment one by one, and the remaining four parts are for model selection in the inner loop where out-of-bag (OOB) cross-validation is implemented.
D. Performance evaluation
For comparison with the previous work, the following criterion functions of performance evaluation are used as follows: (  (  FP  TN  FN  TP  FN  TN  FP  TP   FN  FP  TN  TP where true positive (TP) is the number of true DNA-binding residues that are predicted correctly; true negative (TN) is the number of true non-binding residues that are predicted correctly; false positive (FP) is the number of true non-binding residues that are predicted to be DNA-binding residues; and false negative (FN) is the number of true DNA-binding residues that are predicted to be non-binding residue.
In addition to the measure mentioned above, the receiver operating characteristic (ROC) curve, which is a plot of sensitivity against false positive rate, and the area under the ROC curve (AUC) which is a reliable measure of classifier performance, are used in our research.
III. RESULT AND DISCUSSION
A. Prediction performance of various features and the importance of each feature
The performance of RF prediction model was evaluated by nested cross-validation on DBP-374 with random forest classifier. Using various features, the prediction results are presented in Table 1 . A prediction performance using combining feature was achieved with ACC of 92.67% and MCC of 0.7238. Corresponding SE, SP and BM were 78.96%, 94.56% and 86.14%, respectively. The ROC curve for RF method is shown in Figure 1 with the AUC value of 0.9274 significantly higher than random guessing (0.5). Because the SVM can be successfully applied to prediction of DNAbinding residues in proteins, we compared the performance between this classifier with RF classifier in this work. Both classifiers were used on the DBP-374 with the same features and were evaluated by nested cross-validation. The ROC analysis shows that the SVM classifier achieves very similar performance with the RF classifier (Fig. 1) , and the AUC values are 0.9274 and 0.9213 for the RF and SVM classifiers, respectively. Thus, the results represent that those features could obtain a perfect prediction performance. To recognize the importance of the feature, we calculate each feature's contribution to the performance of prediction and describe them in the Table 1 . It is clearly that PSSMPP captures more information and contributes most to prediction performance. PSSM is a very important feature that has been successfully applied in the prediction of DNA-binding sites in a protein [4, 6, 8, 10, 14] . However, it is definitely timeconsuming because of the high vector dimension. In order to reduce the dimension of feature for model construction, a novel matrix named PSSMPP is proposed in the paper. It provides the evolutionary information about the protein at the level of physicochemical properties. Based on the records shown in Table 2 , we can obtain the result directly that PSSMPP can work better than PSSM in prediction of DNA-binding sites. Both features were applied to the dataset DBP-374 with the same RF classifier and were assessed by nested crossvalidation. Therefore PSSMPP is used as a significant feature instead of PSSM in our research. 
B. Prediction results on test set and comparison with other methods
The previous work for predicting DNA-binding residues with the better performance, to our knowledge, is introduced as BindN [2] and BindN-rf [9] by Wang and Brown and DBindR model [10] by Wu et.al. Those three models used the same cut off distance definition with 3.5Å for DNA-binding residues, which is also used in our RF model. Therefore we used BindN, BindN-rf and DBindR to compare with our model. The BindN method used support vector machines and feature with three sequence features, including the side chain pKa value, hydrophobicity index and molecular mass of an amino acid, while the BindN-rf method used random forests classifier and features with several descriptors of evolutionary information and three biochemical features which are the same as that of BindN. DBindR predicted DNA-binding residues using random forest with evolutionary information of amino acid sequences in terms of their position-specific scoring matrices (PSSMs), secondary structure information and orthogonal binary vector information. The independent dataset TS75 [10] was used as test dataset for three methods' comparison. BindN and DBindR (http://www.cbi.seu.edu.cn/DBindR/DBindR.htm) could predict potential DNA-binding residues on web server, so the dataset TS75 is submitted to those servers and the prediction results can be received from the servers. Our RF model predicts putative DNA-binding residues in the test dataset TS75 whose SS information was predicted by the PREDATOR program. Seen form the Figure 2 , the ROC analysis shows that RF model significantly outperforms other models. The AUC were 0.8734, 0.8543 and 0.7818, 0.7750 for RF, DBindR, BindN and BindN-rf method respectively, representing that our RF model achieves the best performance. 
